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Abstract Vehicle ride comfort is a function of the frequency content of transmitted vibrations
to passengers from road irregularities. However, this frequency content varies with vehicle speed
fluctuations, which occur under real traffic conditions. The design of an adaptive active suspension system,
in order to simultaneously improve ride comfort and travel suspension under various traffic conditions,
is addressed in this paper. For this purpose, using a full-vehicle model, with eight degrees of freedom,
two separate fuzzy controllers are designed for front and rear suspensions. The parameters of the fuzzy
controllers are then tuned for various traffic conditions of a driving pattern, using a multi-objective
Pareto-optimal solution. The optimization objectives are: the ride comfort index, evaluated according to
the ISO 2631-1 standard, and the maximum suspension travel. Simulation results prove that the multi-
objective fuzzy controller conventionally tuned, based on the constant speed driving pattern, results in
simultaneous improvement of ride comfort, travel suspension and energy consumption. However, this
controller does not work optimally under all traffic conditions. On the other hand, the proposed adaptive
multi-objective controller not only results in optimal ride comfort and travel suspension under various
traffic conditions, but also leads to a considerable drop in active suspension energy consumption.
© 2012 Sharif University of Technology. Production and hosting by Elsevier B.V.
Open access under CC BY-NC-ND license.1. Introduction
The main duty of a vehicle suspension system is to improve
ride comfort, via attenuating the transmitted forces to the ve-
hicle body from road irregularities and tomaintain vehicle con-
trollability by keeping tire-road contact during various driving
maneuvers. The suspension of modern vehicles needs to satisfy
a number of requirements, whose aims partly conflict, because
of different operating conditions [1]. Ride comfort and handling
contain conflicting requirements, which a good suspension sys-
tem should satisfy. As a matter of fact, in a passive suspension
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doi:10.1016/j.scient.2012.03.002system, with constant stiffness and damping parameters, im-
provement of ride comfort results in handling deterioration and
vice versa.
However, in active suspension systems, which benefit from
an active actuator, it is possible to attain acceptable ride comfort
and safety simultaneously. In other words, an AS system is used
to improve ride comfort without loss of controllability [2].
Vehicle ride comfort is a function of several parameters,
including human sensitivity to transmitted vibrations, body
posture and the direction of the transmitted vibrations from
road irregularities. Human sensitivity to transmitted vibrations
in the objective ride comfort evaluation is usually formulated
as a standard Ride Index (RI) obtained by applying frequency
filters to the transmitted vibrations and combining the
weighted accelerations [3].
In the control design of an AS system, road irregularities
are normally considered the dominant source of excitation of
a vehicle. Moreover, it is usually assumed that the vehicle is
moving on the road with constant velocity. However, vehicle
speed fluctuations, which happen under real traffic conditions,
influence the frequency content of road disturbances and,
evier B.V. Open access under CC BY-NC-ND license.
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Hence, in order to attain optimal ride comfort under various
traffic conditions, vehicle speed variations should be taken into
account in the control design of an AS system. On the other
hand, as the frequency content of road irregularities varies
frequentlywith speed variation, in order to achieve optimal ride
comfort under various traffic conditions, the AS system should
adapt itself to speed variations.
Most work done on the AS system design focuses on the
main loop, i.e. the control design. Much work has been done in
this regard over the last 20 years [2,4–6] among them, in recent
years, the Fuzzy Logic Controller (FLC) has attracted interest
in the control design of the AS system. The main advantage
of this control approach is its capability of entering human
experience and expertise in terms of verbose statements in
the control design, without need of an exact mathematical
model. Besides, the FLC can tolerate input/output uncertainties
and therefore, has an inherent robustness. Furthermore, FLC
can be adaptive using learning or optimization techniques. The
adaptability of the FLC provides the opportunity for tuning
the controller, according to various operating conditions of the
system.
The performance of the fuzzy systems can be improved via
tuning, employing optimization techniques. In this case, the
tuning of FLC is formulated as an optimization problem in
which optimization variables are the constitutive parameters of
FLC, i.e. fuzzy rules, membership function variables, and scaling
factors. However, as FLCs contain fuzzy inference mechanisms,
e.g. min and max operators, gradient-based algorithms are
hard to apply because of the difficulty in computation of the
gradient of the functions, which include operators such as min
and max. Moreover, the gradient-based optimization methods
encounter the danger of approaching local extrema as a
solution.
By combining the genetic algorithm and FLC, an intelligent
control scheme, called genetic-fuzzy control, is formed. As a
matter of fact, a genetic-fuzzy system is a fuzzy system that
is augmented with an evolutionary learning process. The most
extended genetic fuzzy system type is the genetic fuzzy rule-
based system (GFRBS), where an evolutionary algorithm is
employed to learn or tune different components of an FRBS [7].
In this control method, FLC is tuned, based on an objective
function, using a genetic algorithm.
Karr firstly introduced application of the genetic algorithm
to the design of fuzzy logic controllers [8,9]. Due to the ride-
handling trade-off in vehicle dynamics, optimization of the
fuzzy AS system should be formulated as a multi-objective
optimization problem in which both ride and handling are
considered. Some work has been done on the multi-objective
optimization of fuzzy AS systems, e.g. [10–12]. However,
in previous work the effect of speed variations was not
considered.
In this paper, using a Pareto-optimal, multi-objective,
genetic optimization solution, a multi-objective adaptive fuzzy
controller is proposed for the AS system, based on a full-vehicle
model, with eight degrees of freedom. For this purpose, two
separate FLCs are designed for the full-vehicle model front
and rear suspensions. Using the multi-objective optimization
approach, the parameters of the FLCs are then optimized for
various traffic conditions of a real driving pattern, and an
adaptive FLC, based on those traffic conditions, is developed.
Extensive simulations are carried out in order to investigate
the effectiveness of the proposed adaptive FLC, in comparison
with the conventional FLC, optimized, based on a constant
speed driving pattern.Table 1: Full-vehicle model characteristics.
Parameter Symbol Value
Sprung mass ms 1375.9 (kg)
Rear unsprung mass mu r 40 (kg)
Front unsprung mass mu f 40 (kg)
Driver’s seat mass mp 60 (kg)
Rear tire stiffness coefficient ku r 182,087 (N/m)
Front tire stiffness coefficient ku f 182,087 (N/m)
Driver’s seat stiffness coefficient kp 12,000 (N/m)
Rear suspension stiffness coefficient ks r 19121.7 (N/m)
Front suspension stiffness coefficient ks f 20984.8 (N/m)
Driver’s seat damping coefficient cp 875.6 (kg/s2)
Rear suspension damping coefficient cs r 2500 (kg/s2)
Front suspension damping coefficient cs f 2400 (kg/s2)
2. Suspension systemmodel
The full-vehicle model, with eight degrees of freedom
(Figure 1), is employed for the AS system design. This model
can capture bounce, pitch, and roll motions of the body. The
vertical displacement of the driver seat is also modeled as an
extra degree of freedom in this scheme. The governing dynamic
equations of motion for this model are as follows:
[M].{X¨} + [C].{X˙} + [K ].{X} = {F}, (1)
where [M], [C], and [K ] are system’s mass, damping and
stiffness matrices, respectively, and {F} is force vector. The
model parameters are given in Table 1.
2.1. Combined road-speed disturbance
In order to study the effect of traffic conditions, by mixing
the driving pattern and road profile, a combined road-speed
disturbance is developed. This concept is simply illustrated for a
sine wave road profile and a linear velocity pattern in Figure 2.
As seen in this figure, the time domain representation of road
disturbance is a function of vehicle speed. In this case, if the
vehicle runs with velocity v on the sine wave profile, whose
wave length is constant value, λ, the sensed frequency-domain
disturbance is calculated, as the equation below:
f = v
λ
. (2)
In the otherwords, speed variation alters the frequency content
of road irregularities transmitted to the body. Now,we consider
a real road profile, measured at constant velocity, V0. The time-
domain representation of the road disturbance with a variable
speed pattern may be formulated as follows:
Z(t) = y

X
V0

, (3)
X =
 t
0
v(t)dt, (4)
where y(t) is the road profile given at a constant speed, v(t)
is the variable speed driving pattern, and z(t) is the combined
road-driving disturbance.
This phenomenon can be described by one of the Fourier
transform properties, i.e. time and frequency scaling [13]. It
should be mentioned that since this approach is based on the
superposition principle, it is applicable to linear systems, as is
the one employed in this work.
In this paper, a measured random road profile is used to
model the road disturbance. The time-domain road profile is
M. Soleymani et al. / Scientia Iranica, Transactions B: Mechanical Engineering 19 (2012) 443–453 445Figure 1: Full-vehicle model.Figure 2: Combined sine wave-variable speed disturbance.shown in Figure 3. The road profile is measured according to
ASTM E950 [14] at 80 km/h velocity. Figure 4 also depicts
the Power Spectral Density (PSD) function of this road profile.
Comparing the PSD of this random roadwith the ISO prescribed
PSD functions for different roads [15], it can be seen that
the random road is located between smooth highways and
highways with gravel roads.
The speed variation is modeled by a previously developed
driving pattern, named TEH_CAR [16]. As depicted in Figure 5,
the driving pattern comprises four different traffic conditions,
i.e. congested, urban, extra urban, and highway. By integrating
the road profile and traffic conditions, four combined road-
traffic condition disturbances are developed. Figure 6 illustrates
the combined disturbances.2.2. Ride comfort evaluation
Ride comfort can be evaluated either objectively or subjec-
tively. In the subjective approach, the ride quality is described
based on the feeling and assessment of an expert driver, while
in the objective approach, measurement or simulation is em-
ployed.
In this work, ride comfort is evaluated objectively, based
on the ISO 2631-1 standard, using simulation [3]. According
to this standard, the transmitted bounce, pitch, and roll
accelerations to the passengers (here, the driver), are measured
and combined after being weighted using frequency weighting
functions, which represent human sensitivity to transmitted
vibrations.
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Figure 4: PSD function of random road and ISO prescribed roads.
Figure 5: THE_CAR driving cycle and its traffic conditions.
Using the full-vehicle model, the transmitted accelerations
are calculated at the driver seat position. The transmitted
bounce, pitch, and roll accelerations are then weighted in the
frequency domain, using standard frequency filters. Figure 7
depicts ISO translational and rotational frequency weighting
curves. Wk and We are translational and rotational weighting
curves prescribed by the ISO2631 standard [3]. The ride comfort
index (RI) is then calculated after aggregating the weighted
accelerations using Eq. (5) [3]:
RI =

ky2awy2 + kθ 2awθ 2 + kϕ2awϕ2 (5)
where awy is the weighted bounce acceleration, awθ is the
weighted pitch acceleration, and awϕ is the weighted roll
acceleration. ky, kθ , kϕ are also scalar coefficients, which
depend on the body posture and direction of transmitted
vibrations, and which are defined in the standard.Table 2: Rule base of the AS system FLC.
ST NB NS ZE PS PB
SV
NB PB PM PS PS ZE
NS PB PS ZE ZE ZE
ZE PM ZE ZE ZE NS
PS PS ZE ZE NS NM
PB NS NS NS NM NB
3. FLC design
The devised controller is a Mamdani FLC [17] with two
inputs and one output. The FLC inputs are Suspension Travel
(ST) and Suspension Velocity (SV). ST and SV are, here, the body
and wheel relative displacement and velocity, respectively. The
FLC output is also the actuator force. Figure 8 depicts the
schematic diagram for the AS system control design, where
FR is front right, FL is front left, RR is rear right, and RL is
rear left, implying the location of the AS system actuators.
In this approach, two separate fuzzy controllers are designed
for the front and rear suspensions, and the scaled values of
the ST and SV of each wheel are sent to their corresponding
FLC, continuously. Special attention has been paid to FLC
scaling factors and they have been identified based on a ride
comfort-oriented sensitivity analysis. The real actuator force
for each wheel is estimated, via scaling back the FLC output
using the output scaling factors. In the following parts of this
section, the constitutive elements of the FLC including rule base,
membership function and scaling factors, are introduced.
3.1. Membership functions
Each input has five Membership Functions (MFs), and the
output has seven MFs. Therefore, the rule base contains 25
rules. Moreover, it is assumed that input MFs are identical
in shape. The initial output and input MFs are depicted in
Figures 9 and 10, respectively, where NB,NM,NS, ZE, PS, PM ,
and PB are linguistic variables, implying negative big, negative
medium, negative small, zero, positive small, positive medium,
and positive big, respectively. The middle MFs are described by
a Gaussian function, and the side MFs take a Sigmoidal function
form. Moreover, the initial MFs are distributed uniformly over
the universe of discourse [17].
3.2. Rule base
The kernel of a FLC is its rule base. As a matter of fact, the
rule base translates the control strategy into the control rules
described by verbose statements. The main objective of the FLC
design in this work is ride comfort enhancement. Therefore, the
rule base is devised, such that the transmitted forces to the body
are minimized. For this purpose, intuitive understanding of
the suspension system and logical justifications are employed.
Table 2 depicts the FLC rule base.
Let us consider a rule, e.g. the first one, where both ST and SV
are negative big, implying that the spring is largely compressed
and has a tendency to be intensively compressed, even further.
In this case, in order to attenuate the resultant force exerted to
the body, the actuator extends the spring and damper with a
big force. Let us consider another rule, i.e. the one where ST is
positive small and SV is negative small. In this case, the spring
is extended a little, but it is likely to be closed, and, therefore, it
is wise to cancel the actuator force in order to save energy. The
other rules are derived using similar justifications.
M. Soleymani et al. / Scientia Iranica, Transactions B: Mechanical Engineering 19 (2012) 443–453 447Figure 6: Combined road-speed disturbance for various traffic conditions of TEH_CAR: (a) congested, (b) urban, (c) extra urban, and (d) highway.Table 3: Scaling factors of front and rear FLCs.
Scaling
factor
Actuator
force
Suspension
velocity
Suspension
travel
Front
suspension
950 0.30 0.025
Rear
suspension
950 0.30 0.018
3.3. Scaling factors
Scaling factors play a very important role in the correct
performance of FLC. As a matter of fact, improper selection of
the scaling factors may lead to imperfect firing of the rules. For
example, if the input scaling factors are very large, some fuzzy
rules will not be fired at all. On the other hand, if the scaling
factors are very small, the danger of saturation may occur and
the boundary rules are more likely to be fired. In these cases,
the total potential capability of the FLC is not used.
In this work, the optimal scaling factors are calculated us-
ing a sensitivity analysis inwhich ride comfort sensitivity to the
scaling factors is examined and the scaling factors correspond-
ing to the maximum ride comfort level are identified. Figure 11
illustrates the ride index variation versus input scaling factors,
i.e. ST and SV scaling factors. Figure 12 also shows the ride in-
dex variation versus output scaling factor. This procedure is re-
peated for the front and rear FLCs, and the input and output
scaling factors are identified separately. The input and output
scaling factors for the FLCs are depicted in Table 3.
Figure 13 shows the response history of the scaled SV after
applying optimal scaling factors to the FLC. As seen in this figure,
the scaled values of SV are within a [−1 1] interval, which
verifies that all fuzzy rules are prone to be fired.
4. Multi-objective genetic optimization and adaptive FLC
The adaptive control strategy is switching genetic-fuzzy
control [18]. In this control scheme, the FLC is tuned, accordingFigure 7: ISO Frequency weighting curves for translational and rotational axis.
Wk translational weighting curve. We rotational weighting curve.
to the various traffic conditions of the TEH_CAR driving
pattern, and in this manner, an adaptive FLC is developed,
based on the optimized controllers. In other words, the AS
system adapts itself to various traffic conditions via switching
the FLC according to them. For this purpose, the multi-
objective genetic optimization is utilized for tuning of the FLC,
while encountering each combined road-traffic disturbance
separately, and four optimized controllers, corresponding to
traffic conditions, are developed.
A single-objective optimization problem involves a single-
objective function, and usually results in a single solution,
called an optimal solution. On the other hand, a multi-objective
optimization task considers several conflicting objectives
simultaneously. In such a case, there is usually no single optimal
solution, but a set of alternatives with different trade-offs,
called Pareto optimal solutions, or non-dominated solutions.
Despite the existence of multiple Pareto optimal solutions,
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Figure 9: Output membership functions.
Figure 10: Input membership functions.
in practice, usually only one of these solutions is chosen.
Thus, compared to single-objective optimization problems, in
multi-objective ones, there are at least two equally important
tasks: an optimization task for finding Pareto optimal solutions
(involving a computer-based procedure) and a decision-
making task for choosing a single most preferred solution.
The latter typically necessitates preference information from
a decision maker. A multi-objective optimization problem
may be converted into a single-objective problem, employing
methods like the Aggregate Objective Function (AOF). However,Figure 11: Ride comfort sensitivity to the input scaling factors.
Figure 12: Ride index sensitivity to the output scaling factor.
Figure 13: Scaled SV response history for initial FLC with optimal scaling
factors.
converting a multi-objective optimization problem into a
simplistic single-objective problem puts decision making
before optimization, that is, before alternatives are known.
Moreover, the optimization results in this method are very
sensitive to the scaling factors of the objective function [19].
The term ‘‘evolutionary algorithm’’ refers to the category of
random optimizationmethods that simulate the process of nat-
ural selection. Basic principles of evolutionary algorithms were
proposed in the 1950’s, and, up to the 1970’s, several evolu-
tionary methods were presented including: genetic algorithms,
evolutionary programming and evolutionary strategies [20].
Genetic algorithms (Gas), firstly formulated by Holland
[21], are evolutionary algorithms that can be employed for
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optimization. GAs are search algorithms, based on natural
genetics, which provide robust search capabilities in complex
spaces, and, thereby, offer a valid approach to problems
requiring efficient and effective search processes [22].
Since the early 1980’s, much work has been done on the
application of genetic algorithms to optimization. Goldberg
defined Holland’s genetic algorithm as a simple genetic
algorithm [23].
The main goal for optimization of the fuzzy AS system
in this work is ride comfort enhancement. However, ride
comfort augmentation should not be achieved at the expense
of excessive suspension travel, because of suspension rattle
space limitation and vehicle safety concerns. Therefore, the
problem of the genetic optimization of the fuzzy AS system is
formulated as a multi-objective optimization problem in which
simultaneous optimization of ride quality and suspension travel
is considered.
Moreover, as it is believed that the rule base is devised based
on logical justifications and any variations of the rule base con-
tent may violate its interpretability, the rule base is excluded
from optimization, and the optimization parameters are con-
fined to the membership functions constitutive parameters.
For this purpose, the constitutive parameters of input and
output membership functions are considered optimization
variables. Each optimization variable, after coding, is called
a gene. The genes together form a chromosome. Figure 14
illustrates optimization parameters for the input membership
functions. It has been assumed that the center of the zero
membership function is fixed and not altered by optimization.
Considering that the symmetry of membership functions
is assumed to be held, even after optimization, each input
membership function can be parameterized with 5 variables.
Similarly, the output membership function can be defined
with 7 variables. Therefore, each FLC is described with 17
variables. As in the full-vehicle model, two independent FLCs
are employed; the optimization chromosome is made up of 34
genes.
5. Simulation results and discussion
In this section, first, multi-objective optimization results
for the fuzzy AS system, based on the constant speed
driving pattern of the vehicle, called constant speed FLC, are
presented. The adaptive FLC simulation results are presented
afterwards, and the effectiveness of the proposed controller,
when encountering various traffic conditions, is discussed. The
genetic algorithm parameters are also depicted in Table 4.Table 4: Genetic algorithm parameters.
Number of population 150
Number of generation 200
Crossover rate 0.8
Mutation rate 0.03
Figure 15: Multi-objective optimization Pareto front diagram.
5.1. Constant speed multi-objective FLC
The performance index comprises two objectives, including
the ride index and maximum suspension travel, in its response
history. Figure 15 depicts the resulting Pareto front in this case.
The horizontal axis (objective 1) is the ride comfort index and
the vertical axis (objective 2) is themaximumsuspension travel.
Among the solutions in the Pareto front, the solution, in
which both ride comfort and suspension travel are satisfac-
tory, is selected as optimal. As a matter of fact, in the multi-
objective optimization solution, it is assumed that both ride
index and suspension travel have equal importance. In order
to investigate the effectiveness of themulti-objective optimiza-
tion, a single-objective optimization, whose performance in-
dex includes solely the ride index, is conducted, and the results
are compared. Moreover, in order to study the performance of
the optimized controllers, four criteria, including Ride Index
(RI), maximum suspension travel (called suspension travel for
short), minimum tire-road holding force (called tire-road hold-
ing force for short), and energy consumption, are considered. RI,
estimated based on the ISO 2631 standard, represents ride qual-
ity.Maximumsuspension travel represents the space constraint
and probability of exceeding the rattle space and hitting bump
stops. Tire-road holding force represents vehicle safety, and, fi-
nally, energy consumption correlates with AS system cost and
energy provision concerns.
Table 5 compares the single-objective FLC results with those
of the passive and initial FLC suspensions. As seen in this
table, single-objective FLC causes a considerable ride comfort
improvement.Moreover, suspension travel is decreased slightly
and the tire-road holding force is increased partly, both of
which are promising events. At the same time, the energy
consumption of the AS system, in comparison with the initial
FLC, has largely increased. Multi-objective optimization of
FLC, on the other hand, results in an improved ride index
and considerably decreased suspension travel, simultaneously.
Besides, the tire-road holding force has been increased a little,
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Suspension
type
Ride index
( m
s2
)
Suspension
travel (m)
Tire-road
holding force
(N)
Energy
consumption
(J)
Passive 0.279 0.0177 2118 0
Initial FLC 0.155 0.0323 1932 7237
Single-objective FLC 0.119 0.0308 1984 9280
Multi-objective FLC 0.141 0.0250 2039 4822Figure 16: Ride index at congested traffic condition with different FLCs.
Figure 17: Ride index at urban traffic condition with different FLCs.
implying a slight safety enhancement. Furthermore, the energy
consumption of the AS system, in this case in comparison
with that of the single-objective FLC, is drastically decreased
(a 33% drop in energy consumption is reported). Therefore, it
can be concluded, up to now, that the proposedmulti-objective
AS system can successfully improve ride comfort, suspension
travel, tire-road holding force, and energy consumption,
simultaneously, albeit in a constant speed driving pattern.
5.2. Adaptive multi-objective FLC
The performance of the adaptive FLC is examined, in
comparison with the initial and constant-speed FLCs, under
each traffic condition.
Figures 16–19 illustrate the ride index under various traffic
conditions, with initial, constant speed and adaptive FLCs. In
order to better compare the results, all results are normalized,
with respect to those of the initial AS system. According to
the figures, the constant speed FLC, in comparison with theFigure 18: Ride index at extra-urban traffic condition with different FLCs.
Figure 19: Ride index at highway traffic condition with different FLCs.
Figure 20: Maximum suspension travel at congested traffic condition with
different FLCs.
initial FLC, improves ride comfort under all traffic conditions.
However, among the controllers, the adaptive FLC has the best
performance from a ride comfort point of view, while the
vehicle is experiencing different traffic conditions.
Figures 20–23 depict the suspension travel responses.
Although it was shown that constant speed FLC could reduce
suspension travel successfully in the constant speed driving
pattern (Table 5), under congested and urban traffic conditions,
the performance of the constant speed FLC is worse than the
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FLCs.
Figure 22: Maximum suspension travel at extra-urban traffic condition with
different FLCs.
Figure 23: Maximum suspension travel at highway traffic condition with
different FLCs.
initial FLC. On the contrary, performance of the adaptive FLC
in reduction of suspension travel under all traffic conditions is
quite satisfactory, where a monotonous reduction in suspen-
sion travel, under all traffic conditions, is seen.
Figures 24–27 illustrate the tire-road holding forces with
various FLCs. These results are presented to check the safety
status, in the sense of tire-road holding force. As seen in these
figures, a maximum 2% deviation from the initial FLC tire-road
holding force is reported. It means that in gaining better ride
comfort and suspension travel, the safety constraint has not
been violated in the AS system with adaptive FLC.
The notorious point in the application of adaptive FLC is the
considerable reduction in energy consumption, under all traffic
conditions (Figures 28–31). As seen in these figures, a 15%–30%
reduction in the AS system energy consumption is reported. OnFigure 24: Minimum tire-road holding force at congested traffic conditionwith
different FLCs.
Figure 25: Minimum tire-road holding force at urban traffic condition with
different FLCs.
Figure 26: Minimum tire-road holding force at extra-urban traffic condition
with different FLCs.
Figure 27: Minimum tire-road holding force at highway traffic condition with
different FLCs.
the contrary, the constant speed FLC only performs well under
highway traffic conditions.
Therefore, it can be concluded that the adaptive FLC
could successfully improve ride comfort and suspension travel,
simultaneously, under all traffic conditions. Furthermore, a
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different FLCs.
Figure 29: AS system energy consumption at urban traffic condition with
different FLCs.
Figure 30: AS systemenergy consumption at extra-urban traffic conditionwith
different FLCs.
Figure 31: AS systemenergy consumption at extra-urban traffic conditionwith
different FLCs.
considerable reduction in energy consumption is gained versus
a slight decrease in the tire-road holding force.6. Conclusion
An adaptive, multi-objective, fuzzy control design of the AS
system, based on traffic conditions, is presented in this paper. A
full vehicle model, with eight degrees of freedom, is employed
for this purpose, where two separate FLCs are designed for
front and rear suspensions. The parameters of the FLCs are then
well tuned for various traffic conditions of a driving pattern,
via a multi-objective, genetic optimization approach, and an
adaptive FLC is developed. The performance of the adaptive
FLC is compared with the initial and constant speed FLCs,
while encountering different traffic conditions. Simulation
results prove the superior performance of the adaptive FLC,
under all traffic conditions, of a real driving pattern, from the
points of view of ride comfort, suspension travel and energy
consumption.
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